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(57) ABSTRACT 
Aparameter estimator for estimating a set of parameters for 
pattern recognition has a recognizer for receiving a training 
set having members. The recognizer performs recognition 
on the members of the training set using a current set of 
parameters and based upon a predetermined group of ele 
ments. A set generator associated With the recognizer gen 
erates at least one equivalence set containing recognized 
members of the training set, Which are used by a target 
function determiner associated With the set generator to 
calculate a target function using the set of parameters. A 
maXimizer updates the parameter set so as to maximize the 
calculated target function. 
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SYSTEM AND METHOD FOR PARAMETER 
ESTIMATION FOR PATTERN RECOGNITION 

FIELD OF THE INVENTION 

[0001] The present invention relates to parameter estima 
tion for pattern recognition and more particularly but not 
exclusively to parameter estimation for statistical models 
With incomplete data. 

BACKGROUND OF THE INVENTION 

[0002] Statistical pattern recognition is used in many 
?elds, and plays a large role in speech recognition process 
ing. The basic principles of automatic speech recognition 
have been knoWn since the 1970’s. HoWever, speech rec 
ognition technology became more accessible in the 1990’s, 
mainly due to the development of faster, smaller, and 
cheaper processors. 

[0003] Variability in pronunciation due to different 
accents, dialects, speaking rates, and other factors makes the 
recognition of human speech, though trivial for a human 
being, a very dif?cult task for a computer. Due to these 
dif?culties the performance of state of the art speech rec 
ognition systems is still far from being optimal, and the 
development of neW and improved tools is a challenging 
?eld for scienti?c research. 

[0004] Reference is noW made to FIG. 1, Which illustrates 
the structure of a typical hidden Markov model (HMM) 
speech recogniZer. The hidden Markov model is one of the 
predominant tools in automatic speech recognition. A/D 
converter 110 samples the speech signal and converts the 
signal from analog to digital. The output of the A/D con 
verter is a sample vector containing a sequence of samples 
representing the speech Waveform. The purpose of feature 
extractor 120 is to convert the speech samples to a form that 
is easier for processing by the rest of the speech recognition 
system. Feature extraction is generally done by dividing the 
speech samples into frames and extracting a feature vector 
from each frame. The dimension of the features is smaller 
than the dimension of the original samples, but the feature 
vectors are assumed to contain almost as much information 
as the sample vector about the speech transcription. The 
Viterbi recogniZer 130 is the core of the recognition system. 
The input to the recogniZer is the sequence of feature vectors 
and its output is the transcription. The recognition is per 
formed according to a language model and an acoustic 
model. The language model 140 imposes grammatical con 
straints on the transcription. Discarding illegal transcriptions 
and taking into account the probability of legal ones can 
enhance the system’s performance. The acoustic model 150 
models the relation betWeen the feature space and the 
linguistic units. The relation determined by the acoustic 
model is embedded in a HMM that is attributed to each 
linguistic unit. The acoustic information of each linguistic 
unit is embedded in the HMM parameters. Training proces 
sor 160 sets the HMM parameters according to the given 
training data. The training data consists of utterances of the 
linguistic units, according to Which the system learns the 
model parameters. 

[0005] Speech recognition using HMMs can be regarded 
as a statistical pattern recognition problem. First, the speech 
signal is sampled, divided into frames, and a feature vector 
is extracted from each frame according to Which recognition 
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is performed. Features can be linear predictive codes, mel 
frequency cesptrum coef?cients, log spectrum, etc. The 
feature vector is denoted by ot([ot]1, . . . , [0])‘ and the 

sequence of feature vectors that comprises the utterance is 
denoted by O=(o1, . . . , 0T). Assume that O corresponds to 

a transcription comprised of a sequence of linguistic units. 
These linguistic units can be Words, or sub-Word units (such 
as phones, triphones etc.). The transcription is denoted by 
W=(W1, . . . , WU). Each Word Wu belongs to a knoWn 

vocabulary of V Words Which forms the set {1, . . . , V}. 

[0006] The principle assumption in the statistical approach 
to speech recognition is that each Word v is characteriZed by 
a probability density function (pdf) p(O|v). These functions 
are the acoustic model. It is also assumed that W corresponds 
to the probability function p(W) Which is the language 
model. The goal of the recognition task is to decode the 
transcription vv of the utterance O. According to Bayes 
decision theory, When assigning an equal cost to all recog 
nition errors and a Zero cost to correct recognition, the 

decision rule that yields the minimum error rate is the MAP 
criterion: 

vAv : argmaxp(w/O) 

[0007] Applying Bayes’ Rule, bearing in mind that p(O) is 
independent of W, the decision rule becomes: 

[0008] The common choice for the conditional pdf’s, 
p(O|v), is that of a hidden Markov model (HMM). The 
HMM can be de?ned as a parametric pdf, in the folloWing 
manner. Let pe(O|v) denote a parametric pdf corresponding 
to a HMM, Where 0 denotes the entire parameter set of all 

models. The notation pe(.) denotes the probability or pdf as calculated using parameters taken from the set 0. 

[0009] Assume that there exists an underlying state 
sequence s that produces the observation sequence O. Let 
pe(s)=pe(so, . . . , sT+1), be the probability of the state 

sequence s. Assume as Well that the state sequence s has a 

?rst order Markovian distribution, i.e. pe(st|so, . . . , st_1)= 
p6(St|St—1)' Then: 

1:0 

[0010] The states so, . . . , snl, belong to the set {1, . . . , 

N}, and s0 and sr+1 are constrained to be 1 and N respec 
tively. States 1 and N are the entry and exit non-emitting 
states of the model and are constrained to appear only in the 
beginning and the end of the state sequence respectively. 
De?ning the transition probabilities: 



US 2003/0055640 A1 

[0011] Where 

1:1 

[0012] Note that, due to the constraints on the non-emit 
ting states: ai1=0, and aNJ-=O. Assume that for létéT, ot, the 
observation at time t, is draWn according to the pdf corre 
sponding to st, the state at time t. These pdf’s are denoted by: 

bi(0t)=P(0t|St=l-) 
[0013] States 1 and N do not have pdf’s and are not linked 
to observations, and therefore are referred to as non-emit 
ting. The joint probability of s and O is: 

[0014] So, the probability of the utterance O is: 

sev 

[0015] Where the notation sev denotes all possible state 
sequences of the Word v. 

[0016] Many choices are possible for the functions bi(.). 
The bi(.) functions can be either continuous pdf’s, or discrete 
probability functions. The bi(.) are often chosen to be 
Gaussian mixture pdf’s, namely: 

[0017] Where cl-k are the mixture Weights, and 

2% =1, 
K 

kil 

[0018] and Where bik(.), are Gaussian vector pdf’s: 

[0019] pik=(,u]-k1, . . . , pal-kn)‘ is the mean vector, and Al-k is 
the covariance matrix. For simplicity, Al-k can be chosen to 
be diagonal matrices: 
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[0020] In summary, the HMM parameter set consists of 
the folloWing elements: 

[0021] 
state j, 

aij, the transition probability from state i to 

N 

Zuni-=1. 
1:1 

[0022] cl-k, the Weight of the kth mixture of the ith 
state, 

[0023] pal-k, the mean vector of the kth mixture of the 
ith state. 

[0024] Aik=diag{o]-k12, . . . , ol-knz}, the diagonal 
covariance matrix of the kth mixture of the ith state. 

[0025] The entire parameter set of all the Words in the 
vocabulary is denoted by 0. 

[0026] The objective of the training task is to estimate the 
parameter set 0 of the statistical model. Parameter estima 
tion is performed using a training set. The training set 
consists of the utterances O=(O1, . . . , OU), and their 

corresponding transcription W=(W1, . . . , WU). Maximum 
Likelihood (ML) estimation aims to maximiZe the likelihood 
of the utterances given their corresponding transcription. So 
the estimation process is basically the optimiZation of the 
objective function L(0) With respect to 0, Where: 

L(9)=1Og MOIWJ 

[0027] De?ning the folloWing sets of indices: 

[0028] yields: 

IFI vil ueAv VII 

[0029] Notice that LV(0) is a function that consists only of 
the pronunciations of the Word v and the words correspond 
ing parameter set. The estimation task is thus reduced to 
maximiZing each function LV(0) With respect to the param 
eters of v. Due to the complex nature of these objective 
functions in the HMM case, there are no explicit formulas 
for a direct calculation of the parameters. The commonly 
used iterative solution to the maximiZation problem is 
knoWn as the Baum-Welch Algorithm. The Baum-Welch 
algorithm Was shoWn to be a special case of the EM 
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(Expectation-MaximiZation or Estimate-Maximize) algo 
rithm, introduced by Dempster Laird and Rubin in 1977. 

[0030] The EM Algorithm is as follows. Let X be the 
complete data With the parametric pdf fX(x;0), and let 
y=H(x) be the incomplete data With the parametric pdf 
fY(y;0) Where is a non-invertible (many-to-one) trans 
formation. The goal is to ?nd the ML estimate 0=arg maxe 
fY(y;0), hoWever it is much more convenient to maximiZe fX 
(x;0) With respect to 0. Let: 

fX(X;9)=fY(y;9)fX|Y(X|y;9) Vx,y|H(X)=y 
[0031] so that: 

10% fY(y;9)=1Og fX(x;9)—1Og fX|Y(X|y;9) Vx,y|H(x)=y 

[0032] NoW, taking the conditional expectation using the 
parameter set 0‘, Ee,(.|y), from both sides: 

[0033] Where Q(.,.) is called the auxiliary function of the 
algorithm. Observe that: 

y] 

[0034] Where D (fHg) represents the Kullback-Leibler dis 
tance betWeen the densities f and g, Which is alWays non 
negative. Therefore: Q(0,0‘)>Q(0‘,0‘) implies that log 
fY(y;0)>log fY(y;0‘). Considering the result, gives the fol 
loWing iterative algorithm: 

[0035] E-step Compute: 

Q(9,9<1)) 
[0036] M-step MaximiZe: 

e<1+1)=arg max9Q(6,6(1)) 
[0037] Each iteration increases the likelihood. It is also 
possible to shoW that the algorithm converges to a stationary 
point, that is to a local maximum of the likelihood function. 

[0038] The EM algorithm can be applied to the HMM 
case. The resulting re-estimation formulas for the param 
eters of the Word v are: 

T. 

2 2pm, = i. 5,11 = jl 0“. v) 
i ueAv 1:0 

at] : Tu 

Z Z WU) 
ueAv 140 

Tu 

Z Z 1%) 
i ueAv 1:1 

011 = Tu 

Z 2 W0) 
ueAv 1:1 
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-continued 
Tu 

Z Z [uni-1am 
ueAv 1:1 

#ikj : Tu 

Z 2 Wm) 

7'14 

2 2 Wm) 
ueAv 1:1 

[0039] Where: 

wiu(t)=Pe(51=i|0u1 V), 
[0040] and gt is the index of the Gaussian mixture at time 
t. 

[0041] Due to the constraint sO=1 and sT+1=N, the equa 
tion for aij also serves for the calculation of an and am. The 
terms in the equations for 1p“]-k(t) and 1p“i(t), as Well as the 
term pe(st=i, st+1=j|O“,v) in the equation for aij can be 
efficiently calculated using the so-called Forward-Backward 
algorithm knoWn in the art. 

[0042] Observing the above equations, it is possible to see 
that for an arbitrary HMM parameter b, the re-estimation 
formula takes the form: 

[0043] Where N(b) and D(b) are calculated using the 
observations in set AV, and are referred to as the accumu 
lators. 

[0044] As shoWn above, it is possible to solve the isolated 
Word recognition problem. For the isolated Word recognition 
problem, the assumption is that the utterance O corresponds 
to the pronunciation of a single Word W, and that p(W), the 
language model (Which in the Word recognition case consists 
only of the prior probabilities of the Words), is knoWn in 
advance. p(O|W) can be calculated using the ForWard Back 
Ward algorithm, so it is possible to perform recognition 
using the MAP criterion. 

[0045] In practice, hoWever, it is preferable to use an 
approximate algorithm that is more conveniently general 
iZed to the case of continuous speech recognition. The 
folloWing approximation is used: 

m0 | v) = 2 m. 0| v) z maxsms. 0| wgmm 1) 
sev 

[0046] The approximated term can be calculated using the 
Viterbi algorithm. Denote by ¢i(t) the joint probability of the 
observation sequence 01, . . . , 0t and the states sequence 

so, . . . , st=i that yields the maximal likelihood. The 

folloWing recursion is used: 
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[0049] The above algorithm can be generalized to the case 
of continuous speech recognition. The generalization is done 
by assuming a language model of the form of a ?rst order 
Markovian model. It is thus possible to regard the entire set 
of HMM states of the entire vocabulary as single composite 
HMM. According to the HMM model thus obtained, the 
transition probabilities betWeen Words are the transition 
probabilities betWeen the eXit non-emitting state of one Word 
to the entry non-emitting state of another Word. Using the 
composite HMM, it is possible to apply the Viterbi algo 
rithm With a feW minor modi?cations, that take into account 
the non-emitting states and the transitions betWeen Words. 

With the initial condition: 

[0050] The above discussion describes methods for per 
forming statistical pattern recognition While estimating the 
parameter by the ML method. HoWever, the estimation 
method described above suffers from several shortcomings. 
Alternate parameter estimation methods knoWn in the art, 
such as Maximum Mutual Information (MMI), Corrective 
Training, and Minimum Classi?cation Error (MCE), are 
discussed beloW. These alternate training methods may 
address some of these shortcomings. 

[0051] MaXimum Likelihood (ML) estimation is one of 
the predominant techniques in the ?eld of parameter esti 
mation. It is also a prevalent training technique in the ?eld 
of statistical speech recognition, and in the ?eld of statistical 
pattern recognition in general. In the scenario described 
above, the ML objective function is: 

14:1 

[0052] The training task is therefore to maXimiZe the 
objective function L(6) With respect to the parameter set 0. 

[0053] The folloWing attribute of the ML estimate is Well 
knoWn from the theory of parameter estimation: The ML 
estimate is asymptotically unbiased and ef?cient, ie for a 
large sample set, the error in the estimation of the parameters 
tends to be distributed With Zero mean and a covariance 
matrix equal to the Cramér-Rao loWer bound. The ML 
estimate is also knoWn to be normally distributed. So, in a 
statistical pattern recognition problem, When the training set 
is sufficiently large, the ML estimate converges to the real 
value of the parameters, thus the ML estimate enables 
achieving the true probabilities of the classes and the opti 
mal decision rule. 

[0054] In the problem of speech recognition using HMMs 
the ML estimate has another bene?t, Which is the simplicity 
of its calculation using the Baum-Welch algorithm. 

[0055] Unfortunately, the true distribution of the speech 
signal cannot be modeled by a HMM, and in a realistic 
situation the training data is usually sparse. Hence, the 
HMM parameters do not embed statistical characteristics, 
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and the objective of minimiZing the error in the parameter 
estimates can be replaced by a different one. Observing the 
speech recognition problem from a different angle, the 
HMM pdf’s can be regarded as discriminant functions, i.e. 
functions according to Which classi?cation is made. Regard 
ing th HMM pdf’s as discriminant functions, a more appro 
priate objective can be to design the pdf’s in such a Way that 
Would minimiZe the recognition error rate on the training set. 
Recalling the ML objective function: 

[0056] Assuming that the parameter set of each Word is 
distinct, it is evident that the ML estimation can be per 
formed by estimating the parameters of each Word sepa 
rately, according to its correspondingly labeled utterances. 
In light of that, ML estimation has a clear disadvantage: it 
does not take into account the mutual effects betWeen the 
parameters of different Words, thus it cannot take into 
account confusions betWeen Words and recognition errors. 

[0057] Training methods Whose objective function is dif 
ferent from the likelihood function, and that take into 
account recognition errors, are referred to in the literature as 
discriminative training methods. MaXimum Mutual Infor 
mation (MMI) is one discriminative training method. The 
MMI model de?nes the mutual information betWeen O and 
W as: 

PM), W) 

[0058] MaXimiZing the above function With respect to 6 is 
equivalent to maXimiZing the folloWing function: 

14:1 

[0059] The above eXpression is the MMI objective func 
tion. In contrast to the ML objective function, the maXimi 
Zation of M(6) is performed With respect to the parameters 
of all the models jointly. The main motivation behind using 
the M(6) objective function is to maXimiZe the posterior 
probabilities of the Words given their corresponding utter 
ances, Which is the criterion used for recognition. 

[0060] It Was proven by Nadas, in “A decision theoretic 
formulation of a training problem in speech recognition and 
a comparison of training by unconditional versus conditional 
maXimum likelihood,”IEEE Trans. OnASSR 31(4):814-817, 
1983, that in the case in Which the assumed statistical model 
is correct, ML estimation yields less variance in the estima 




























































